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Abstract

Background.—There is an increasing trend to represent domain knowledge in structured graphs,
which provide efficient knowledge representations for many downstream tasks. Knowledge
graphs are widely used to model prior knowledge in the form of nodes and edges to represent
semantically connected knowledge entities, which several works have adopted into different
medical imaging applications.

Methods.—We systematically searched over five databases to find relevant articles that applied
knowledge graphs to medical imaging analysis. After screening, evaluating, and reviewing the
selected articles, we performed a systematic analysis.

Results.—We looked at four applications in medical imaging analysis, including disease
classification, disease localization and segmentation, report generation, and image retrieval. We
also identified limitations of current work, such as the limited amount of available annotated data
and weak generalizability to other tasks. We further identified the potential future directions
according to the identified limitations, including employing semisupervised frameworks to
alleviate the need for annotated data and exploring task-agnostic models to provide better
generalizability.

Conclusions.—We hope that our article will provide the readers with aggregated documentation
of the state-of-the-art knowledge graph applications for medical imaging to encourage future
research.
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1. Introduction

In recent years, incorporating structured domain knowledge into downstream tasks has
drawn great research attention from industry and academia [1]. This is because domain
knowledge provides a proper understanding of a field which can be represented as a
knowledge graph that can facilitate efficient inference to empower downstream tasks.

A knowledge graph represents the actual facts in the form of structured graphs, including
entities (e.g., realistic objects and general concepts) and the relationships between entities
[1]. It provides semantically structured information that computers can interpret and
promises to build more intelligent systems to solve numerous real-world problems.

Knowledge graphs (viewed as the graph structure) differ from knowledge bases in terms

of the involvement of formal semantics for interpretation and inference over facts (Figure
1). Knowledge graphs (KGs) like DBPedia [2], NELL [3], and Wikidata knowledge base
[4] have become instrumental in various machine learning applications, such as information
retrieval [5], information extraction [6-8], question answering [9, 10], and recommendation
[11-13].

Within a biomedical setting, researchers can utilize knowledge graphs to tackle various
realistic problems, for example, aiding efforts to diagnose patients [14], exploring possible
disease treatments [15, 16], and identifying associations between biomolecules and diseases
[17]. Oftentimes, solutions require a process called representation learning, which is to learn
the mappings between the knowledge graphs and low-dimensional graph representations

in feature space [1]. The representation learning process aims to encode the local as well

as the global structure of a knowledge graph and map it to an embedding that can be
utilized by algorithms for downstream tasks. Among various knowledge graph applications
in biomedicine, medical imaging (e.g., radiography, ultrasound, and magnetic resonance
imaging) serves as one of the most significant diagnostic aids that are readily available to
physicians [18].

Deep learning methods try to train algorithms to identify abnormal regions and tissue
variations in a manner similar to human beings [19]. Medical record histories, previous
diagnoses made by pathologists or radiologists, are used to train the algorithms. The
algorithm learns this with large amounts of data, and after analyzing thousands of iterations
of different images and diagnoses, it eventually will learn to make some diagnoses. In

the medical imaging analysis domain, knowledge graphs have drawn a lot of research
attention. Though there are comprehensive survey papers for knowledge graph applications
in biomedical informatics [20], we have not seen any literature survey for knowledge graph
applications in medical imaging analysis. To bridge this gap, we conducted a systematic
review on knowledge graph applications in medical imaging analysis. According to our
review, most studies applied knowledge graphs to specific topics such as disease detection,
localization, and report generation. In this work, we describe various knowledge graphs
applications in medical imaging analysis and then point out future directions that have yet to
be explored.
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2. Methods

First, we will introduce the background of knowledge graphs. Second, we will describe the
data sources and search strategies, including the inclusion and exclusion criteria, and how
we selected the articles. At last, we will talk about how we conducted data synthesis and
analysis.

2.1. Knowledge Graphs in General.

Recently, knowledge graphs have become a predominant part of many information

systems where structured prior knowledge is needed. The concept of graphical knowledge
representation can be traced back to 1956 when Richens proposed the idea of Semantic
Net [21]; however, the community realized the importance of his work only belatedly.
MYCIN [22] features a knowledge base containing about 600 rules and is one of the most
well-known rule-based expert systems for medical diagnosis. Many researchers promoted
the idea of graph-based knowledge representation aiming to assemble human knowledge.
Furthermore, Resource Description Framework (E. [23]) and Web Ontology Language [24]
were released and became the mainstay of Semantic Web.

In 2009, the concept of Linked Data was proposed to build the links between different
datasets in the Semantic Web with each other and treat it as one global knowledge graph
[25]. Subsequently, various ontologies or knowledge bases were published, such as WordNet
([26]), YAGO [27], DBpedia [2], and Freebase [28], to realize the idea of structured
knowledge representation in the form of a graph. In 2012, Google proposed Knowledge
Graph (Knowledge Vault) to utilize semantic knowledge in the application of web search,
and the concept gained great popularity [29]. Google uses the knowledge graph to help
identify and disambiguate entities in texts, utilize semantically structured summaries to
enrich the search results, and further provide links to related entities in exploratory search
[29]. Recently, many companies such as Microsoft, Amazon, and Pinterest have started
investing massive resources to build knowledge graphs for their commercial applications
[30-32].

2.2. Knowledge Graphs for Medical Imaging Analysis.

Machine learning techniques have recently been applied to all stages of radiotherapy, from
diagnostic imaging, using image registration for risk delineation, to the automated planning
and outcome assessment [33, 34]. To provide quality healthcare, such as custom medicine
or treatment planning refinement, machine learning techniques are able to offer assistive
insights. Bringing together artificial-intelligence-driven (Al-driven) radiotherapy and deep-
learning-based medical imaging analysis is a promising direction. To provide precision
radiotherapy, analyzing medical images and other modalities to derive representative
features in a quantitative manner is vital. There tends to be significantly more information
underlying in images and other data modalities that cannot be visually perceived in a
straightforward way. However, sophisticated algorithms enable us to mine and use these
underlying information to improve diagnosis and treatments. There are two main reasons
why Al-based radiotherapy is expected to outperform conventional radiotherapy. First, many
latent features that cannot be perceived by human readers can be utilized by analyzing
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radiomics in an automated manner. Moreover, we can mine and infuse priori in a data-
driven and end-to-end manner, making Al-based radiotherapy more powerful [34]. The
radiotherapeutic process can generate a large amount of data on anatomical, metabolic,

etc. [35]. One major challenge is that it can be complicated to extract and present those

data in a meaningful yet interpretable manner. Moreover, medical reports are oftentimes
written in natural languages, where the report sensitivity and specificity, associated decisions
need to be handled appropriately to provide better patient treatments than the current
standards. One ideal solution is to synergize knowledge graphs to represent a generalization
of prior knowledge from different modalities for treatment planning optimization or patient
prognosis improvements [34].

Building a knowledge graph utilizing a patient’s electronic medical records and reports can
provide valuable information for disease reasoning and further treatment planning. NLP
techniques can be very helpful for identifying and extracting knowledge from text inputs.
When given the medical reports, we can use online services such as the Watson Natural
Language Understanding platform or the Amazon Comprehend Medical to construct the
graph rather than from scratch. Based on these cloud services and other systems, we can
distill and query high-quality domain-specific rules, knowledge graphs from unstructured
or semi-structured contents extracted from images and data such as medical conditions,
medication details (dosage, strength, and frequency), and other data like doctors’ notes,
clinical reports, and patient health records [34].

With the efforts mentioned above, we will have treatment-related feature graphs and
knowledge graphs from medical images and medical text data. These two types of graphs
are in different domains: one from images and data biologically/clinically informative, and
the other is in terms of professional languages directly interpreted. Therefore, we need to
bridge these two domains via an across-domain graph transformation. To this end, we can
use a graph-based encoder-decoder network, including graph convolution, graph pooling.
The encoder will extract the information from a radiomic graph, while the decoder will
reconstruct a corresponding graph. The bottleneck between the encoder and the decoder will
bridge the image and text domains. In the cases of dynamic changes with different reports,
one can use a graph-based RNN to learn a dynamic graph mapping.

Data Sources and Search Strategies.

Following the Preferred Reporting Items for Systematic Reviews and Meta-Analyses
(PRISMA) guidelines, we conducted a comprehensive search of English-language articles
published between 2006 and 2021 from five databases. The databases include IEEE Xplore
(https://ieeexplore.ieee.org/Xplore/home.jsp), PubMed (https://pubmed.ncbi.nim.nih.gov/),
Arxiv (https://arxiv.org/), Google Scholar (https://scholar.google.com/), and the ACM
Digital Library (https://dl.acm.org/). The search strategy is to iteratively search keywords
for relevant articles and related citations. As shown in Table 1, the keywords used to
retrieve literature included knowledge graph(s) and medical imaging, knowledge graph(s)
and medical image(s), graph(s) and medical imaging, graph(s), and medical image(s).
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2.4. Article Selection.

After the acquisition of potential articles, we conducted abstract and full text screening.
Avrticle exclusion criteria included the following: duplicates; article types such as conference
abstract, review, editorial, erratum, letter, note, and comment; unavailable full text; and
articles irrelevant to knowledge graph applications in medical imaging analysis. The
inclusion criteria for the target publications were as follows: (1) knowledge graphs were
used and (2) the aim was to solve medical imaging analysis problems. Two reviewers used
the eligibility criteria to screen the articles. During the screening process, all conflicting
opinions among reviewers were discussed until we reached a consensus.

2.5. Data Synthesis and Analysis.

From the selected articles, our data synthesis was motivated by an approach to gain insight
into how knowledge graphs were applied to different medical imaging analysis tasks and
review how knowledge graphs contributed to the medical imaging analysis tasks. We began
by examining the general characteristics of the included studies, such as the publication year
trend, publication country, and the focus medical imaging analysis topic. Furthermore, we
investigated the datasets utilized by the included studies, to provide readers with an insight
into the available data sources that can be used for different medical imaging analysis topics.

3. Results

3.1.

Identification of Included Studies.

We retrieved 780 articles from five databases, of which 728 articles were found to be unique.
The titles and abstracts of articles were screened for article filtering and selection. Articles
were sorted based on the relevance to applying knowledge graphs to medical imaging
analysis, where 609 articles were excluded due to low relevance. We excluded several

article types, including the conference abstract, review, editorial, erratum, letter, note, and
comment, resulting in excluding 56 articles. We further excluded 38 articles without full
text. 25 articles remained for subsequent full-text reviews. During the full-text screening,

4 articles were excluded due to irrelevance to knowledge graph applications in medical
imaging analysis. After this full-text screening process, 21 articles were selected to be
included in this scoping review. The article selection flowchart is shown in Figure 2.

3.2. Statistical Characteristics of the Included Articles.

3.3.

All the 21 articles included in this work are published from 2006 to 2021, with a noticeable
increment in the number of papers published per year (Figure 3). The included publications
are across nine countries, with most contributions coming from China (48%) (Figure 4).
Among all the included articles, the most common application of knowledge graphs in
medical imaging is disease classification (56.5%), followed by disease localization and
segmentation (17.4%), report generation (17.4%), and image retrieval (8.7%) (Figure 5).

Disease Classification.

One of the most common computer vision tasks is to classify images into appropriate
categories [36]. Disease classification is especially of vital importance in medical imaging
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to assist diagnosis [18]. The types and sizes of image datasets are increasing dramatically.
Hence often, we need to classify images from unseen classes into the correct categories
based on the relationships between the seen and unseen classes. Our world contains millions
of visual concepts. Due to its complex and dynamic characteristics, it is impossible to

build a large dataset for every concept to ameliorate various computer vision tasks. Prior
knowledge is the key to building semantic relationships between classes, which can be of
great help, especially when we have limited training data. Knowledge graphs contain rich
knowledge, modeling the relationships among classes or concepts. Incorporating disease
classification in medical imaging with knowledge graphs has been explored by researchers
and has shown promising results [18]. Table 2 lists the overview of datasets used by the
included articles related to disease classification in this work. The most commonly used
datasets are 1U X-Ray [37], NIH Chest X-Ray/ChestX-Ray 14 [38], and CheXpert [39], and
they all include medical images, associated medical reports, and disease labels.

There are five articles included in this review that explored binary disease classification
incorporated with knowledge graphs. Xie et al. constructed a knowledge-based collaborative
sub-model for the task of nodule classification. They proposed to fine-tune three pretrained
ResNet-50 networks using three types of image patches. The three pretrained ResNet-50
networks were, respectively, used to characterize the nodules’ overall appearance, voxel,
and shape heterogeneity [40]. In this way, a knowledge-based collaborative model was
introduced to incorporate the multiview information for separating the benign nodules from
the malignant ones using very limited data. Yu et al. aimed to facilitate the process of
pneumonia diagnosis [41]. A graph-based feature reconstruction module was employed that
takes the produced image features from a trained convolutional neural network (CNN) as
input. The resulting combined features will be fed to a one-layer graph neural network
(GNN) to classify chest X-ray images into two classes: normal and pneumonia. According
to Chen et al., most existing work manually built a population graph for structural
information aggregation where the relationship between nodes was represented by the

graph adjacency matrix [42]. Chen et al. automatically constructed the population graph

and further utilized the fusion of multimodal information, which improved the diagnostic
accuracy for Autism Spectrum Disorder and breast cancer. Specifically, they proposed an
encoder that can select the appropriate phenotypic measures in an automatic manner in terms
of their spatial distribution. They further computed the edge weights between nodes utilizing
a mechanism which is aware of the text similarity. Liu et al. claimed to outperform previous
work on the Mammogram mass classification task [43]. To model the intrinsic geometric
and semantic relations of ipsilateral views, they proposed a Bipartite Graph Convolutional
Network. The asymmetric visual information of bilateral views was widely adopted in
clinical practice to assist the diagnosis process of lesions. To model the structural similarities
of bilateral views, an Inception Graph Convolutional Network was further proposed. The
representations learned from the constructed graphs were capable of multiview reasoning,
since there was a systematical propagation of the multiview information through nodes [43].
Fu et al. pointed out that most existing methods only focus on the image modality while
ignoring or not fully leveraging information from other modalities [44]. They proposed to
exploit the inter-category relationships in the 7-point visual category checklist (7PC) for
Melanoma diagnosis. Specifically, they proposed to use a graph-based relational module
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to leverage inter-categorical and inter-modal relations. The dermoscopy visual structure
details were further prioritized by representing the features in a graph network [44].
Another category embedding learning module was also employed to capture the specialized
representations for each category and support the graph-based relational module.

Six articles explored multilabel classifications in medical imaging. Zhang et al. constructed a
disease finding knowledge graph and utilized it to tackle the disease classification task [45].
Incorporating a knowledge graph with the disease classification task allowed for dedicated
feature learning for each disease finding [45]. Similarly, Hou et al. modeled the correlations
among disease labels by employing the graph convolutional network (GCN). They further
pretrained the disease label embeddings on the radiology reports. A transformer-based
encoder was employed to fuse the semantic features along with the encoded image features
to initialize the graph features [46]. To have a better graph representation capability, they
mined additional medical terms from radiology reports, and these newly mined terms were
added to the graph serving as auxiliary nodes without changing the actual output space size.

However, Zhou et al. pointed out that the developing a robust automated diagnosis system
could be hindered by the fact that the lesions can have inconsistent appearances and high
complexities in chest X-rays [47]. They proposed one promising approach to address this
issue, which is to attend to the abnormal regions and exploit relevant prior information

[47]. To have a better thoracic disease identification performance, especially for those
whose lesions rarely appear on both sides symmetrically, one contrastive network was
proposed to learn the intra-attentive abnormal features between the left and right lung.

They further utilized an inter-contrastive attention model to acquire the abnormal attention
map. Specifically, they compared the query scan with multiple anchor scans where no
lesions were present. After the features were weighted using the intra- and inter-contrastive
attention scores, the radiology graph was further constructed for graph reasoning in a
dual-weighted manner in addition to the basic visual-spatial convolution [47]. Following the
same direction, Agu et al. noted that most existing methods solely used the chest X-ray
images for classification, but they failed to utilize the underlying anatomical information
that can be really helpful [48]. They utilized a GCN which enables their model to learn

the anatomical region relationships and label dependencies in the chest X-ray images. They
further created an anatomical region adjacency matrix based on the correlation of the labels
across different regions. Combining this with a detection module, they proposed a multilabel
chest X-ray classifier that can classify image findings and localize them to their anatomical
regions [48].

According to Sekuboyina et al. [49] learning to map images to binary labels made it a
challenging task to take advantage of auxiliary information (e.g., annotation uncertainty,
and label dependencies). A multimodal knowledge graph was constructed using chest X-ray
images and their labels. They approached the task of multilabel disease classification in

a link prediction manner. They claimed that they added additional nodes and relations to
incorporate auxiliary information into the graph [48]. Similarly, Chen et al. noted that given
the fact that graph data featured high complexity, most previous works failed to fully use
such valuable graph-structured information, but solely focused on learning to classify the
input into binary labels [50]. As a result, they proposed to explicitly explore the graph
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structure information, such as the pathology dependencies, for the classification task. They
introduced the pathology word embeddings and multilayer graph information propagation to
generalize the relationships between pathologies into a set of classifier scores. The flexible
integration into the image feature embedding module and the adaptive recalibration of
multilabel outputs with these scores were made possible during the training process [50].

Since 2020, knowledge graphs have also been explored in COVID-19-related research

and shown noticeable performance improvements. Zheng et al. pointed out that current
deep learning methods suffered from data adequacy issues and that multimodal information
should be considered together to make accurate inferences [51]. To solve this, they proposed
a multimodal graph attention embedding mechanism to assist diagnosing COVID-19. Their
method learned the relational embeddings in a constituted knowledge graph and, at the same
time, improved the classifier through the medical knowledge attention mechanism [51].
According to Mudiyanselage et al., the poor performance for unseen data in COVID-19
classification can result from the limited correlation between the pretrained model and a
specific imaging domain (e.g., X-ray) and the possibility of overfitting [52]. They proposed
that the relational knowledge between data instances can be exploited through graph
representations and further utilized through graph convolutions [52].

To summarize, the aforementioned work utilized different types of knowledge graphs, and
they incorporated the knowledge graphs with the disease classification task using three
approaches: (1) embed visual features to preconstructed prior knowledge abnormality graph
[44-50], region graph [40, 43], pathology graph [50], and population graph [42] and

(2) extract and use visual features as graph nodes [41, 52]; (3) use images and/or text
descriptions of diagnose as graph nodes [49, 51]. Though these work applied knowledge
graphs in various ways, the results showed that incorporating knowledge graphs with disease
classification achieved noticeable classification performance boosts; for example, Zhang et
al. achieved 1.4% improvement on average AUC, 4.7% AUC improvement on cardiomegaly,
and 4.5% AUC improvement on atelectasis after adding knowledge graphs to the baseline
DenseNet [39] model [45]. Zhou et al. achieved a 3.77% improvement on average AUC
when incorporating disease identification with prior knowledge on the NIH Chest X-ray
dataset and a 3% average AUC improvement on the CheXpert dataset [47].

3.4. Disease Localization and Segmentation.

In medical imaging, disease localization and segmentation are useful for clinical diagnosis,
disease assessment, and treatment planning [64]. Previous supervised methods suffered
from the lack of finely annotated data, and weakly supervised methods often generated
inaccurate or incomplete regions [65]. When taking into account the anatomical region
relationships and the correlations between images, complementary information can be
obtained to improve the disease localization accuracy. This also aligns with the clinical
practice in the medical domain: usually to train a radiologist to analyze X-ray images, they
read many X-ray images and compare the differences between different images and even the
differences between different regions of the same image [65]. Infusing knowledge graphs
into the system offers the potential for more accurate localizations and segmentations. Table
3 lists the overview of included articles and the datasets that are used. The most commonly
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used datasets for this task are CheXpert [39] and NIH Chest X-Ray/ChestX-Ray 14 [38].
Both datasets include medical images and associated medical reports and disease labels.

Peng et al. identified the fissure region of interest using lung anatomy prior knowledge

and then isolated the plate-like structures from clutters utilizing an oriented derivative of
stick filter for lobar fissure verification. Finally, to segment lung lobes, they completed

the incomplete fissure surface employing a surface fitting model [66]. Qi et al. noted

that one reason for incomplete localization regions was neglecting the anatomical region
relationships within each image and the inter-image relationships [65]. Hence, they proposed
to model the inter-image relationships by comparing multiple images in an inter-image
graph and to model the intra-image relationships by comparing different regions in an intra-
image graph. These cross-image and cross-region relationships were used as the contextual
and compensating knowledge and were incorporated for disease localizations. Through
ablation study, they showed that the model employing the intra-image and inter-image prior
knowledge outperformed the localization accuracy of the baseline model by 0.08, 0.11, and
0.1 when the intersection over union (loU) threshold was 0.3, 0.5, and 0.7. Zhao et al.

also noted that most weakly supervised disease localization methods failed to consider the
chest X-ray image characteristics (e.g., the highly structural attributes) [67]. They used a
very similar method to Qi et al. [65], which integrated the intra-image anatomical structural
knowledge and inter-image knowledge into one unified framework.

In summary, the aforementioned articles incorporated knowledge graphs with disease
localization and segmentation using two approaches: (1) embed visual features to
preconstructed prior knowledge region graph [65-67]; (2) use images as graph nodes [65,
67]. These articles identified the importance of prior knowledge, proposed to infuse prior
knowledge into the disease localization and segmentation tasks in the form of knowledge
graphs, and showed that the prior knowledge did bring drastic performance improvements.

3.5. Report Generation.

Natural language captioning aims to summarize visual information in one sentence or
generate one topic-related paragraph [70]. Medical report generation translates the medical
images to human-readable medical reports, which requires an increased capability to cover
accurate abnormal terminologies, understand the medical domain knowledge, and describe
the findings at a semantic-coherent and fine-grained level that should satisfy both medical
commonsense and logic [71]. Outstanding challenges associated with automatic medical
report generation lie in successfully detecting visual groundings and incorporating medical
domain knowledge. To write a medical image report, radiologists will first check a patient’s
images, carefully inspect the abnormal regions to identify the findings, and then describe
the abnormal findings in detail based on prior medical experiences and medical knowledge.
Only employing the global images as input and training the language model with the
dataset’s corpora alone cannot provide the underlying prior knowledge vital for accurate
reporting. Several works infused knowledge graphs into report generation and showed the
performance gain on the quality of generated reports. The datasets used by the included
articles related to report generation are listed in Table 4, and the most used dataset is U
X-Ray [37].
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Zhang et al. constructed a graph embedding module on multiple disease findings as the prior
knowledge to assist report generation. The incorporation of a knowledge graph allowed for
dedicated feature learning for each disease finding and the relationship modeling [45]. The
knowledge graph module improved the baseline SentSAT model [72] on nearly all report
generation evaluation metrics, especially 0.036 improvements on the CIDEr metric. Li et
al. [73] noted the significant challenges towards bridging visual and linguistic modalities;
hence, they proposed to encode visual features as an abnormality knowledge graph, which
incorporated the visual features with prior medical knowledge, and was then used to guide
the report template retrieval-paraphrase process or used for disease classification. Similarly,
Liu et al. [43] noted that visual and textual data biases remained a challenge for data-driven
report generation systems, so in addition to the disease-tag attended visual features and

the disease-attended textual features, they proposed to explore the prior knowledge from

a predefined medical knowledge graph guided by attended-image features, and further
adaptively distill the knowledge for report generation. Through ablation study, they show
that removing the prior knowledge graph module from the proposed model will cause a
significant drop in all evaluation metrics, especially 0.66 drop on CIDEr, 0.34 drop on
BLEU-1. Li et al. pointed out that previous methods suffered from the deviation that
taught models to generate inessential sentences regularly. Therefore, inspired by Generative
Pre-Training, they proposed to guide medical knowledge transfer and learning through a
medical graph encoder, by integrating internal visual feature fusion and external medical
linguistic information [71].

To summarize, the aforementioned articles incorporated knowledge graphs with report
generation using one common approach: embed visual features to preconstructed prior
knowledge abnormality graph [43, 45, 71, 73, 74]. Knowledge graphs utilized in the
included articles modeled the relationships of disease findings and bridged multiple
modalities by embedding visual representations. Through ablation studies, all included
articles demonstrated the effectiveness of incorporating knowledge graphs with report
generation.

Retrieval.

Automated image retrieval systems show enormous potential in medical applications [76].
It can be beneficial for the clinical decision-making process to extract similar images

that share common aspects (i.e., modality, anatomic region, and disease). This allows for
extracting similar images with similar diagnoses and also allows for finding similar images
but with different diagnoses. In medical domain, doctors can adopt image retrieval systems
to retrieve images with known pathologies that are similar to the anchor image and further to
assist the diagnosis process. In addition to doctors, medical researchers, lecturers, and even
students can extract relevant images using visual retrieval methods for their teaching and
research. Primitive features (i.e., color and texture) are still the dominant features used by
most image retrieval systems for image presentation purpose [77]. No medical knowledge
was used in this process; hence, there exists the domain gap if we want to apply the
systems to medical domain. This loss of information can be reduced by incorporating prior
knowledge and other sources of knowledge [78]. Table 5 lists the overview of datasets used
in the image retrieval articles included in this review.
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Lacoste et al. presented their medical image retrieval method incorporating medical prior
through a fusion framework [79]. The text knowledge infused was from the Unified
Medical Language System (UMLS) sources. They learned semantic features from examples
and further to derive the visual knowledge. UMLS concepts enabled the communication
between visual and textual information, allowing a higher level systematic medical data
standardization. Racoceanu et al. employed similar methods by using global indexing to
access image modality and local indexing to access local semantic features to fuse the
textual and visual knowledge into image retrieval [80].

In summary, these two included articles incorporated knowledge graphs with image retrieval
using one common approach: represent images and texts in UMLS graphs [79, 80]. The
introduced knowledge graphs facilitated the communication between multiple modalities
and benefitted the image retrieval task.

4. Discussion

4.1.

After the article selection phase, there were 21 articles selected and included in this survey.
This relatively small number of articles related to knowledge graph applications in medical
imaging analysis may suggest the cross-disciplinary gaps and lack of collaborations. In this
section, we identified the limitations of the included articles and suggested the potential
future directions.

Disease Classification.

Most articles share some common limitations in this review. The datasets are still too small
in size (on average, 129,788 images, ranging from 450 to 384,580) to provide results that are
more convincing. The construction of graphs and the reconstruction of features are important
aspects of most of the works. However, the graphs were constructed on a given dataset,
making the extension to other domains inconvenient and challenging. For example, some
graphs were designed as components of the proposed model for diagnosing chest diseases,
which would not work for a brain tumor diagnosis task. If researchers want to transfer

the method to handle a problem in another domain, building a new graph using a similar
approach would be necessary. Also, an encoding component pretrained towards a specific
task (multilabel classification) could result in representations that do not generalize well
across tasks. Furthermore, global classifications can be unreliable even when the predicted
label is correct. The classifier might predict the correct label but for a wrong reason at an
irrelevant spot.

For the future direction, one can consider a semisupervised learning framework to reduce
the demand for annotated data. Also, we can think of considering more sophisticated graph
structures, which model more detailed disease relationships in the future. Other approaches
can be explored to better incorporate visual and semantic features. It is worth exploring a
task-agnostic representation learning framework for better generalizability. Another future
research direction is to combine the encoding and embedding modules resulting in a fully
end-to-end formulation.
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4.2. Disease Localization and Segmentation.

The included articles regarding disease localization and segmentation in this review did not
consider the label uncertainty, which is worth exploring to improve the performance. The
reported results showed that small targets (e.g., atelectasis, effusion, and nodule) were more
challenging to localize due to their relatively smaller size. Algorithms applicable to the
localization of small targets (e.g., atelectasis, effusion, nodule) are worth exploring.

Existing work like Peng et al. heavily depends on other tasks like airway segmentation.
However, the segmentation is an arduous task as it is highly sensitive to the image

quality [66]. They segmented pulmonary fissures using lung anatomy knowledge, which

is time-consuming. There is a possibility that parts of fissures can be undetected due to the
poorly segmented airways. To conclude, a more fine-grained fissure detection and lung lobe
segmentation method will be ideal to pursue.

4.3. Report Generation.

Currently, most work applying knowledge graphs into report generation uses visual features
for graph feature initializations. It is worth exploring different fusion methods to combine
knowledge graphs with multimodal features. We can also encode and decode general
knowledge for report generation tasks by exploring a general captioning framework guided
by the auxiliary signals.

4.4. Image Retrieval.

In this review, two included articles regarding image retrieval used global and local indexing
to infuse additional visual, textual, and knowledge graph features into image retrieval. One
can further use appropriate clustering methods to take advantage of other fusion schemas. It
is also worth exploring the visual filtering based on the local information from the semantic
local indexing module to distill visual features for better performance.

5. Conclusions

This review discussed the current work on knowledge graph applications in medical
imaging analysis and identified the limitations and future directions. We looked at the
proven success of applying knowledge graphs into four medical imaging tasks: disease
classification, disease localization and segmentation, report generation, and image retrieval.
We identified the limitations due to limited annotated data for some supervised tasks and
weak generalizability. We also identified potential future directions, for example, employing
semisupervised framework, exploring different fusion methods, and exploring task-agnostic
models that may improve the opportunities for better performance.

Acknowledgments

This work was supported by the National Library of Medicine under Award No. 4R00LM013001 and was also
supported by Amazon Machine Learning Research Award 2020.

Health Data Sci. Author manuscript; available in PMC 2022 July 06.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Wang et al. Page 13

References

[1].Ji S, Pan S, Cambria E, Marttinen P, and Philip SY, “A survey on knowledge graphs:
representation, acquisition, and applications,” IEEE Transactions on Neural Networks and
Learning Systems, vol. 33, no. 2, pp. 494-514, 2022. [PubMed: 33900922]

[2]. Auer S, Bizer C, Kobilarov G, Lehmann J, Cyganiak R, and lves Z, “DBpedia: a nucleus for
a web of open data,” in 6th International Semantic Web Conference, 2nd Asian Semantic Web
Conference, ISWC 2007 + ASWC 2007, Busan, Korea, 2007.

[3]. Carlson A, Betteridge J, Kisiel B, Settles B, Hruschka ER Jr, and Mitchell TM, “Toward an
architecture for never-ending language learning,” in Proceedings of the Twenty-Fourth AAAI
Conference on Artificial Intelligence, Atlanta, Georgia, USA, 2010.

[4]. Vrande€i¢ D and Krétzsch M, “Wikidata: a free collaborative knowledgebase,” Communications
of the ACM, vol. 57, no. 10, pp. 78-85, 2014.

[5]. Sumithra MK and Sridhar R, “Information retrieval in financial documents,” in Evolving
Technologies for Computing, Communication and Smart World., Springer, Singapore, 2020.

[6]. Bastos A, Nadgeri A, Singh K et al., “RECON: relation extraction using knowledge graph context
in a graph neural network,” in The World Wide Web Conference 2021, Ljubljana, Slovenia, 2021.

[7]. Fei H, Ren Y, Zhang Y, Ji D, and Liang X, “Enriching contextualized language model from
knowledge graph for biomedical information extraction,” Briefings in Bioinformatics, vol. 22,
no. 3, 2021.

[8]. Jaradeh MY, Singh K, Stocker M, Both A, and Auer S, “Better call the plumber: orchestrating
dynamic information extraction pipelines,” in International Conference on Web Engineering,
Biarritz, France, 2021.

[9]. Banerjee P and Baral C, “Self-supervised knowledge triplet learning for zero-shot question
answering,” 2020, https://arxiv.org/abs/2005.00316.

[10]. Ma K, llievski F, Francis J, Bisk Y, Nyberg E, and Oltramari A, “Knowledge-driven data
construction for zero-shot evaluation in commonsense question answering,” in Proceedings of the
35th AAAI Conference on Atrtificial Intelligence, Virtual, 2021.

[11]. Wang P, Fan Y, Xia L, Zhao WX, Niu SZ, and Huang J, Eds., “KERL: a knowledge-guided
reinforcement learning model for sequential recommendation,” in ACM SIGIR Conference on
Research and Development in Information Retrieval, Xi‘'an, China, 2020.

[12]. Wang X, He X, Cao Y, Liu M, and Chua T-S, “KGAT: knowledge graph attention network
for recommendation,” in KDD *19: Proceedings of the 25th ACM SIGKDD International
Conference on Knowledge Discovery & Data Mining, Anchor-age, AK, USA, 2019.

[13]. Xiang W, Huang T, Wang D et al., “Learning intents behind interactions with knowledge graph
for recommendation,” in Proceedings of the Web Conference 2021, Ljubljana, Slovenia, 2021.

[14]. Xi J, Ye L, Huang Q, and Li X, “Tolerating data missing in breast cancer diagnosis from clinical
ultrasound reports via knowledge graph inference,” in KDD ‘21: Proceedings of the 27th ACM
SIGKDD Conference on Knowledge Discovery & Data Mining, Singapore, 2021.

[15]. Dai Y, Guo C, Guo W, and Eickhoff C, “Drug—drug interaction prediction with Wasserstein
Adversarial Autoencoder-based knowledge graph embeddings,” Briefings in Bioinformatics, vol.
22, no. 4, 2021.

[16]. Yu Y, Huang K, Zhang C, Glass LM, Sun J, and Xiao C, “SumGNN: multi-typed drug interaction
prediction via efficient knowledge graph summarization,” Bioinformatics, vol. 37, no. 18, pp.
2988-2995, 2021.

[17]. Chilinskiab M, Senguptab K, and Plewczynski D, “From DNA human sequence to the chromatin
higher order organisation and its biological meaning: using biomolecular interaction networks to
understand the influence of structural variation on spatial genome organisation and its functional
effect,” Seminars in Cell & Developmental Biology, vol. 121, pp. 171-185, 2022. [PubMed:
34429265]

[18]. Xie X, Niu J, Liu X, Chen Z, Tang S, and Shui Y, “A survey on incorporating domain knowledge
into deep learning for medical image analysis,” Medical Image Analysis, vol. 69, article 101985,
2021. [PubMed: 33588117]

[19]. Goodfellow I, Bengio Y, and Courville A, Deep Learning, The MIT Press, 2016.

Health Data Sci. Author manuscript; available in PMC 2022 July 06.


https://arxiv.org/abs/2005.00316

1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Wang et al.

[20].
[21].
[22].
[23].

[24].
[25].

[26].

[27].

[28].

[29].

[30].
[31].

[32].

[33].

[34].

[35].

[36].

[37].

[38].

[39].

[40].

[41].

Page 14

Nicholson DN and Greene CS, “Constructing knowledge graphs and their biomedical
applications,” Computational and Structural Biotechnology Journal, vol. 18, pp. 1414-1428,
2020. [PubMed: 32637040]

Richens RH, “Preprogramming for mechanical translation,” Mechanical Translation and
Computational Linguistics, vol. 3, no. 1, pp. 20-25, 1956.

Shortliffe E, Computer-based medical consultations, MYCIN, Elsevier, 1976.

Miller E, An Introduction to the Resource Description Framework, D-lib Magazine, 2005.
McGuinness D, OWL Web ontology language overview, W3C recommendation, 2004.

Bizer C, Heath T, and Berners-Lee T, “Linked Data-The Story So Far,” in Semantic services,
interoperability and web applications: emerging concepts, pp. 205-227, IGI global, 2009.
Miller G, “WordNet: a lexical database for English,” Communications of the ACM, vol. 38, no.
11, pp. 39-41, 1995.

Suchanek FM, Kasneci G, and Weikum G, “Yago: a core of semantic knowledge,” in Proceedings
of the 16th international conference on World Wide Web, pp. 697-706, Banff, Alberta, Canada,
2007.

Bollacker K, Evans C, Paritosh P, Sturge T, and Taylor J, “Freebase: a collaboratively created
graph database for structuring human knowledge,” in Proceedings of the 2008 ACM SIG-MOD
International Conference on Management of Data, Vancouver, Canada, 2008.

Dong X, Gabrilovich E, Heitz G et al., “Knowledge vault: a web-scale approach to probabilistic
knowledge fusion,” in The 20th ACM SIGKDD International Conference on Knowledge
Discovery and Data Mining, New York, NY, USA, 2014.

Cui S and Shrouty D, “Interest taxonomy: a knowledge graph management system for content
understanding at Pinterest,” 2020.

Dong XL, He X, Kan A et al., “AutoKnow: self-driving knowledge collection for products of

thousands of types,” 2020, https://ui.adsabs.harvard.edu/abs/2020arXiv200613473L/abstract.

Féarber M, “The Microsoft Academic Knowledge Graph: A Linked Data Source with 8 Billion
Triples of Scholarly Data,” in Proceedings of the 18th International Semantic Web Conference,
Auckland, New Zealand, 2019.

Chan MF, Witztum A, and Valdes G, “Integration of Al and machine learning in radiotherapy
QA\,” Frontiers in Artificial Intelligence, vol. 3, 2020.

Shan H, Jia X, Yan P, Li Y, Paganetti H, and Wang G, Eds., “Synergizing medical imaging

and radiotherapy with deep learning,” Machine Learning: Science and Technology, vol. 1, no. 2,
2020.

Skripcak T, Belka C, Bosch W et al. , “Creating a data exchange strategy for radiotherapy
research: towards federated databases and anonymised public datasets,” Radiotherapy and
Oncology, vol. 113, no. 3, pp. 303-309, 2014. [PubMed: 25458128]

Obaid KB, Zeebaree S, and Ahmed OM, “Deep learning models based on image classification: a
review,” International Journal of Science and Business, vol. 4, no. 11, pp. 75-81, 2020.
Demner-Fushman D, Kohli MD, Rosenman MB et al. , “Preparing a collection of radiology
examinations for distribution and retrieval,” Journal of the American Medical Informatics
Association., vol. 23, no. 2, pp. 304-310, 2016. [PubMed: 26133894]

Wang X, Peng Y, Lu L, Lu Z, Bagheri M, and Summer RM, “ChestX-ray8: hospital-scale

chest X-ray database and bench-marks on weakly-supervised classification and localization of
common thorax diseases,” in Proceedings of the IEEE Conference on Computer Vision and
Pattern Recognition (CVPR), pp. 2097-2106, Honolulu, Hawaii, USA, 2017.

Irvin J, Rajpurkar P, Ko M et al., “CheXpert: a large chest radiograph dataset with uncertainty
labels and expert comparison,” in Proceedings of the AAAI conference on artificial intelligence,
vol. 33 no. 1, pp. 590-597, Honolulu, Hawaii, USA, 2019.

XieY, Xia'Y, Zhang J et al. , “Knowledge-based collaborative deep learning for benign-malignant
lung nodule classification on chest CT,” IEEE Transactions on Medical Imaging, vol. 38, no. 4,
pp. 991-1004, 2019. [PubMed: 30334786]

Yu X, Wang S-H, and Zhang Y-D, “CGNet: a graph-knowledge embedded convolutional neural
network for detection of pneumonia,” Information Processing and Management, vol. 58, no. 1, p.
102411, 2021. [PubMed: 33100482]

Health Data Sci. Author manuscript; available in PMC 2022 July 06.


https://ui.adsabs.harvard.edu/abs/2020arXiv200613473L/abstract

1duosnue Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Wang et al.

[42].

[43].

[44].

[45].

[46].

[47].

[48].

[49].

[50].

[51].

[52].

[53].

[54].
[55].
[56].
[57].

[58].

[59].

[60].

[61].

Page 15

Chen H, Zhuang F-Z, Xiao L, Ma L, Liu H, Zhang R, Jiang H, and He Q, Eds., “AMA-GCN:
adaptive multi-layer aggregation graph convolutional network for disease prediction,” 2021,
https://arxiv.org/abs/2106.08732.

Liu Y, Zhang F, Chen C, Wang S, Wang Y, and Yizhou Y, “Act like a radiologist: towards reliable
multi-view correspondence reasoning for mammogram mass detection,” IEEE Transactions on
Pattern Analysis and Machine Intelligence (TPAMI), p. 1, 2021.

Fu X, Bi L, Kumar A, Fulham M, and Kim J, “Graph-based intercategory and intermodality
network for multilabel classification and melanoma diagnosis of skin lesions in dermoscopy and
clinical images,” 2021, https://arxi-v.org/abs/2104.00201.

Zhang Y, Wang X, Ziyue X, Qihang Y, Yuille A, and Daguang X, “When radiology report
generation meets knowledge graph,” in Proceedings of the AAAI Conference on Atrtificial
Intelligence, pp. 12910-12917, New York, New York, USA, 2020.

Hou D, Zhao Z, and Sanyuan H, “Multi-label learning with visual-semantic embedded
knowledge graph for diagnosis of radiology imaging,” IEEE Access (IEEE), vol. 9, pp. 15720-
15730, 2021.

Zhou Y, Zhou T, Zhou T, Huazhu F, Liu J, and Shao L, “Contrast-attentive thoracic disease
recognition with dual-weighting graph reasoning,” IEEE Transactions on Medical Imaging
(IEEE), vol. 40, no. 4, pp. 1196-1206, 2021.

Agu NN, Wu JT, Chao H et al., “AnaXNet: anatomy aware multi-label finding classification in
chest X-ray,” in Proceedings of the 24th International Conference on Medical Image Computing
and Computer Assisted Intervention, Strasbourg, France, 2021.

Sekuboyina A, Ofioro-Rubio D, Kleesiek J, and Malone B, “A relational-learning perspective
to multi-label chest X-ray classification,” in 2021 IEEE 18th International Symposium on
Biomedical Imaging (ISBI), Nice, France, 2021.

Chen B, Li J, Guangming L, Hongbing Y, and Zhang D, “Label co-occurrence learning with
graph convolutional networks for multi-label chest X-ray image classification,” IEEE Journal of
Biomedical and Health Informatics, vol. 24, no. 8, pp. 2292-2302, 2020. [PubMed: 31976915]
Zheng W, Yan L, Gou C et al. , “Pay attention to doctor-patient dialogues: multi-modal
knowledge graph attention image-text embedding for COVID-19 diagnosis,” Information Fusion,
vol. 75, pp. 168-185, 2021. [PubMed: 34093095]

Mudiyanselage TB, Senanayake N, Ji C, Pan Y, and Zhang Y, “Covid-19 detection from chest X-
ray and patient metadata using graph convolutional neural networks,” 2021, https://arxiv.org/abs/
2105.09720.

Armato 11, Samuel G, McLennan G et al. , “The Lung Image Database Consortium (LIDC) and
Image Database Resource Initiative (IDRI): a completed reference database of lung nodules on
CT scans,” Medical physics, vol. 38, no. 2, pp. 915-931, 2011. [PubMed: 21452728]

Yang X, He X, Zhao J, Zhang Y, Zhang S, and Xie P, “COVID-CT-Dataset: A CT Scan Dataset
about COVID-19,” 2020, https://covid-19.conacyt.mx/jspui/handle/1000/4157.

Kermany D, Zhang K, and Goldbaum M, Labeled optical coherence tomography (OCT) and
chest X-ray images for classification, Mendeley data, 2018.

Johnson AE, Pollard TJ, Greenbaum NR et al., “MIMIC-CXR-JPG, a large publicly available
database of labeled chest radiographs,” 2019, https://arxiv.org/abs/1901.07042.

Wu JT, Agu NN, Lourentzou | et al., “Chest ImaGenome dataset for clinical reasoning,” 2021,
https://arxiv.org/abs/2108.00316.

MartinoDi A, Yan C-G, Li Q et al. , “The autism brain imaging data exchange: towards a
large-scale evaluation of the intrinsic brain architecture in autism,” Molecular Psychiatry, vol. 19,
no. 6, pp. 659-667, 2014. [PubMed: 23774715]

Lee RS, Gimenez F, Hoogi A, Miyake KK, Gorovoy M, and Rubin DL, “A curated
mammography data set for use in computer-aided detection and diagnosis research,” Scientific
data, vol. 4, no. 1, article 170177, 2017. [PubMed: 29257132]

Cohen JP, Morrison P, and Dao L, “COVID-19 Image Data Collection,” 2020, https://
arxiv.org/abs/2003.11597.

Chowdhury MEH, Rahman T, Khandakar A et al. , “Can Al help in screening Viral and
COVID-19 pneumonia?,” IEEE Access, vol. 8, pp. 132665-132676, 2020.

Health Data Sci. Author manuscript; available in PMC 2022 July 06.


https://arxiv.org/abs/2106.08732
https://arxi-v.org/abs/2104.00201
https://arxiv.org/abs/2105.09720
https://arxiv.org/abs/2105.09720
https://covid-19.conacyt.mx/jspui/handle/1000/4157
https://arxiv.org/abs/1901.07042
https://arxiv.org/abs/2108.00316
https://arxiv.org/abs/2003.11597
https://arxiv.org/abs/2003.11597

1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Wang et al.

[62].

[63].

[64].
[65].

[66].

[67].

[68].

[69].

[70].
[71].

[72].

[73].

[74].

[75].
[76].
[77].

[78].

[79].

[80].

Page 16

Rahman T, Khandakar A, Qiblawey Y et al. , “Exploring the effect of image enhancement
techniques on COVID-19 detection using chest X-ray images,” Computers in Biology and
Medicine, vol. 132, article 104319, 2021. [PubMed: 33799220]

Kawahara J, Daneshvar S, Argenziano G, and Hamarneh G, “Seven-point checklist and skin
lesion classification using multitask multimodal neural nets,” IEEE Journal of Biomedical and
Health Informatics, vol. 23, no. 2, pp. 538-546, 2019.

Sharma N and Aggarwal LM, “Automated medical image segmentation techniques,” Journal of
Medical Physics, vol. 35, no. 1, pp. 3-14, 2010. [PubMed: 20177565]

Qi B, Zhao G, Wei X et al., “GREN: graph-regularized embedding network for weakly-
supervised disease localization in X-ray images,” 2021, https://arxiv.org/abs/2107.06442.

Peng Y, Zhong H, Zheng X, Hongbin T, Li X, and Peng L, “Pulmonary lobe segmentation in CT
images based on lung anatomy knowledge,” Mathematical Problems in Engineering, vol. 2021,
Article ID 5588629, 15 pages, 2021.

Zhao G, Qi B, and Li J, “Cross chest graph for disease diagnosis with structural relational
reasoning,” in Proceedings of the 29th ACM International Conference on Multimedia, Chengdu,
China, 2021.

Lassen B, van Rikxoort EM, Schmidt M, Kerkstra S, van Ginneken B, and Kuhnigk J-M,
“Automatic segmentation of the lungs and lobes from thoracic CT scans,” 2011.

Ronneberger O, Fischer P, and Brox T, “U-Net: convolutional networks for biomedical image
segmentation,” in International Conference on Medical image computing and computer-assisted
intervention, Munich, Germany, 2015.

Li S, Tao Z, Li K, and Yun F, “Visual to text: survey of image and video captioning,” IEEE
Transactions on Emerging Topics in Computational, vol. 3, no. 4, pp. 297-312, 2019.

Li M, Wang F, Chang X, and Liang X, “Auxiliary signal-guided knowledge encoder-decoder for
medical report generation,” 2020, https://arxiv.org/abs/2006.03744.

Yuan J, Liao H, Luo R, and Luo J, “Automatic radiology report generation based on multi-view
image fusion and medical concept enrichment,” in International Conference on Medical Image
Computing and Computer-Assisted Intervention, Shenzhen, China, 2019.

Li C, Liang X, Zhiting H, and Xing E, “Knowledge-driven encode, retrieve, paraphrase

for medical image report generation,” in Proceedings of the AAAI Conference on Atrtificial
Intelligence, pp. 6666—-6673, Honolulu, Hawaii, USA, 2019a.

Liu F, Wu X, Shen G, Fan W, and Zou Y, “Exploring and distilling posterior and prior knowledge
for radiology report generation,” in Proceedings of 2021 IEEE/CVF Conference on Computer
Vision and Pattern Recognition (CVPR2021), Virtual, 2021a.

Radford A, Narasimhan K, Salimans T, and Sutskever I, “Improving language understanding by
generative pre-training,” 2018.

Qayyum A, Anwar SM, Awais M, and Majid M, “Medical image retrieval using deep
convolutional neural network,” Nerucomputing, vol. 266, pp. 8-20, 2017.

Hwang KH, Lee H, and Choi D, “Medical image retrieval: past and present,” Health Informatics
Research, vol. 18, no. 1, pp. 3-9, 2012.

Putzu L, Piras L, and Giacinto G, “Convolutional neural networks for relevance feedback in
content based image retrieval,” Multimedia Tools and Applications, vol. 79, no. 37-38, pp.
26995-27021, 2020.

Lacoste C, Chevallet J-P, Lim J-H et al., “IPAL knowledge-based medical image retrieval in
ImageCLEFmed 2006,” in 7th Workshop of the Cross-Language Evaluation Forum, Alicante,
Spain, 2006.

Racoceanu D, Lacoste C, Teodorescu R, and Vuillemenot N, “A semantic fusion approach
between medical images and reports using UMLS,” Information Retrieval Technology, vol. 4182,
pp. 460-475, 2006.

Health Data Sci. Author manuscript; available in PMC 2022 July 06.


https://arxiv.org/abs/2107.06442
https://arxiv.org/abs/2006.03744

1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnuely Joyiny

Wang et al.

Page 17

Anatomical
entity

Tortuous| | Calcification
aorta of the aort

SNOMED CT

Clinical
finding

v

Finding by site

1

Imaging
observation

Body-system-
specific disorder

G

Lung lesion] { Inﬁltraﬁon}

Cardiovaseular| (1
finding Jaty

Respiratory
disorder

Cadlomenahd [A'“.h““_‘“““] [Displacemen!} [}‘luiddisorder]
distortion

substance

i v ¥
| e ===

Fibrosis (Eniarged
cardiomediastinum

Displacedgas

Pneumo-
S
Subcutaneous
emphysema

Figure 1:
Radiology knowledge graph example: NIH Chest X-ray labels based on RadLex and

SNOMED_CT.

Health Data Sci. Author manuscript; available in PMC 2022 July 06.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuepy Joyiny

1duosnuely Joyiny

Wang et al.

12 IEEE Xplore
19 PubMed

4 Arxiv
14 ACM Digital Library
731 Google Scholar

609 articles excluded due to low relevance <

38 articles excluded due to unavailable full-text<

Figure 2:

Articles identified through
search
(n=780)

A4

Articles for title and abstract
screening
(n=728)

Full-text assessed for eligibility
(n=25)

A

Articles included
(n=21)

The flowchart of the article selection process.

Health Data Sci. Author manuscript; available in PMC 2022 July 06.

Page 18

» 52 duplicates found

56 articles excluded due to article types:
» conference abstract, review, editorial, erratum,
letter, note, comment

4 articles excluded due to irrelevance to
» knowledge graph applications in medical
imaging analysis



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuepy Joyiny

1duosnuely Joyiny

Wang et al.

Count

13

11

2006 2019 2020
Publication year

Figure 3:
Year trend of reviewed articles.

Health Data Sci. Author manuscript; available in PMC 2022 July 06.

2021



1duosnuey Joyiny 1duosnuepy Joyiny 1duosnuepy Joyiny

1duosnuey Joyiny

Wang et al.

UK

4.0%

United Arab Emirates

4.0%
Switzerland

4.0%

Saudi Arabia

4.0%
Germany

4.0%

Australia

12.0%

Figure 4:
Publication country distributions.

Health Data Sci. Author manuscript; available in PMC 2022 July 06.

Page 20

Singapore

8.0%

USA

12.0%

China

48.0%



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuepy Joyiny

1duosnuely Joyiny

Wang et al. Page 21

Report generation

17.4%

Image retrieval

8.7%
Disease classification
Disease localization & 56.5%
segmentation
17.4%
Figure5:

Application topic distributions.

Health Data Sci. Author manuscript; available in PMC 2022 July 06.



Page 22

Wang et al.

sabew [eaipaw ydelb 4O .
abew [earpaw ydesB ¥O BuiBewr [eaipaw sydesB yO BuiBeuur [eaipsw ydelb 4O sabeuw [eaipaw sydeib abpajmou| YO sabewi earpatu ydeB aBpajmou o160 .\M__Mn_.._ _My_m_zo _\,,ro%n_m_osom
HO abew [eaipaw sydesd abpsjmouy YO abew [eaipaw ydeh abpsimouy 4O Buibew [eaipaw sydesf abpsimouy YO Buibew jearpaw ydes sbpsimouy 10009 ‘AIXIV "P3INGNd 10X 3331

SpJomAey Yo Jeas sseqered

"2.nJeJaI| 9ASLI18) 0) SPIOMASY U2Ieas

‘T algeL

Author Manuscript Author Manuscript Author Manuscript Author Manuscript

Health Data Sci. Author manuscript; available in PMC 2022 July 06.



Page 23

Wang et al.

s}nsaJ anIsuayaidwod 1odas pue ‘sased uoisa| TT0‘T [e9] Od2 uolredlyissed [aqel-niniN 120z [vvl
(punosenn
T9/+ 1D v6Y + Ael-X 8596) sabew yG,'0T pue sanfofelp Juayed 6T-dIAOD-UOU L09 pue sjusiyed 19s€1Ep [epown|nw 6T-AINOD uoljeajisse|o Areuig 1e0z  [tsl
6T-QIAOD Inoge (punose.yn 19+ 10 86G'2+ Aei-X /v€) safewi 9o, pue sanfojelp juaired-10300p €6€'T
- [29 '19] UOIBIISSE[D [age] N

sabewr YXO [ewou Joj saouelsul OGT Jayoue pue eruownaud 8430 0ST ‘6T-AIAOD 30 ¥XD 05T AydesBoipey 6T-QIAOD ‘[09] 6T-AIAOD pUE LUONEIIISSe]d Ateulg 120z [es]
saipnis AydeiBowuwew Wi pauuess 0g9'z [6s] wsaa uonealyisse|o Areurg 120z [evl
slacje| 8sessip UOWWOD $T ynm ‘siusited 0vg'S9 4o sydesBolpel 1s8yd 9TE vee [6€] Hedxayo UOIRIIISSE|O [3Ge] NI 120z [6Y]

. [ss] (3aiaw)
s198[gns ZTT'T 40 eyep a1dAouayd Buipuodsallod ay pue |4 aBURLIXS B1Ep BUIBEWI UIRIq WsHny uoneolyIsse|d Aleulg 120z [2vl
sydelb auads Buipuodsailod ay) pue sabewi z/0'zi [25] swouasew] 1s8yD uoIIBIISSe|D [age| NN 1202 [8¥]

S|age| aseasIp UOWWIOD T Paul-1xa] 8yl Ylm sabewl Aei-X MaIA-|eIu0l) 02T 2TT [8€] Ael-X 15842 HIN

UOIEIISSE[D [3Ce| NI 120z [¥]

S|age] aseasip uoWWod T Yum ‘syuaired oiz'9 Jo sydesBoipes 1sayd 9T1E' 722 [6€] wadxayD

suodas GE8' Lz pavelal 3y pue sabewt Ael-x 15340 OTT'LLE [95] ¥XD-DININ

uoneouIsse|a [aqejinin 120z [ov]

sabew Ael-x 1s8Yd /12 ‘suodas ABojoipes GG6' [2€] Res-x N1

S|age| aseasip UOWWOI T PaulW-1Xa] ayl Yim ‘sabewlt Ael-X MaIA-[eIu0L 02T 2T T [8€] vTARY-X1S8UD

UONEDIISSE[O [3ge|INIAl 0zoz  [os]

S|aqe| 8seasIp UoWWOD T Yum ‘sjusiied Opg'G9 Jo sydelBolpel 1sayd 9T€'vZe [6€] wadxayo

JewloN pue eluownaud :sasse|o oMl Y sabewl Ael-X 1sayd £98°G [55] (eluownaud) safewi Ael-x 1s8yD
uonealIsse}d Areurg ozoz [yl
suodas asauyD Buipuodsaliod J1ayy pue sefewn gIAQD-Uou /€ pue sabewi 6T-AIAOD 6VE [5] wodat 106T-AINOD

sabew! Ael-X 1sayd 0./ ‘sHodal ABojoipel GG6'E [2€] Rer-x NI UONBILISSE[D [aCe|INIA ozoz [yl
SUOIINIIISUI UBASS WIOJ) paulelqo aiam sueds | D ussaid sajnpou Bunj yiim sueds 19 1s8yd 8T0'T [es] 19al-oann uonealyIsse|d Aleulg 610z [ov]
ojul sereq Jseleq Jsel TeoA  Jod

‘¢ dlgeL

Author Manuscript Author Manuscript

"S9]911Ie UOIRDILISSE|D 3SeasIp ay) Ul Pasn S1Se1ep JO MAIAIBAQ

Author Manuscript

Author Manuscript

available in PMC 2022 July 06.

Health Data Sci. Author manuscript



Page 24

Wang et al.

S[aqe| 8SeasIp UOLIWOD T paullw-1xa) ayi pue sabew Ael-x 0ZT'2TT [8€] Aea-X 15942 HIN [69118N-N 120z [29's9]
paysi|qelse uaaq aney suolelUaWGEs 8qo) [89] (tTv107) .
pue Bunj Jo spJepuels 80UdIB4RI YIIYM 10§ SanIfewoude BulAren yim sueds | 9 1sayd Jo 1aserep v TT0Z SIsAjeuy Bun pue agqO Bumy 80epns ‘uoneoylian ainssly - 1202 [oa]
S|aqe| asessIp UOWWO0I T Paulw-1xs} ay) pue ) uonnjoauod ydelb Bunybram
sabewi Ael-X 0ZT‘ZTT S|20e| aseasip uowwod T pue suaired 0yz‘g9 Jo sydelboipel 1s8Yd 9TE'vZe [8e] Aet-x 35340 HIN [6€] Hadxaud -[enp ‘UoIIN|OAUOD [eljeds [ensIA Teoe [2v]

oju| sereq rsered poye N EESIN jod

"$9]9111e UoIeIUBWBas pue UoIezZIedo] asessip syl Ul pasn S1aselep JO MaIAISAQ

‘€ 9|geL

Author Manuscript Author Manuscript Author Manuscript Author Manuscript

Health Data Sci. Author manuscript; available in PMC 2022 July 06.



Page 25

Wang et al.

suodal Geg'/ze ‘sabew Ael-x OTT'LL€ [95] ¥XO-DININ
I0MIBU PIeMIO)-paay ‘uonusie peayiin- 1202 [ev]
safewn Ael-X 0/f'/ ‘suodas ABojoipes 566°S [2€] Re-x NI
suodas asaulyd Buipuodsa0d J1ay pue sabewt QIAQD-Uou /€ ‘sabewll 6T-AINOD 6v€  [G] Hodal 1D 6T-AINOD
[62] Buturenaid aAelauas ozoz [t
suodas Buipuodsalloo pue sabewl 865 Gy ‘Sluaied 609°GE “19selep aleAlld 1ase1ep YHO-XD
sabewr Aei-X 18U2 02%', ‘s1odai ABojoIpel Gg6's [2€] Rei-x NI LS [3A9]-0ML ocoe  [sv]
sabewi Ael-x 1s8yd 0/‘/ ‘suodal ABojoipel G56°E [2€] Res-x N1
Jawuioysues ydeso 610z [0z]
suodas Bulpuodsailod pue sabewl 865Gy ‘siuaned 609°GE "19Se1ep 8leAlld 18se1ep YHO-XD
ojul sereq esered PouUL N T\ oY

"$8]911e UoIeIaush 1odaa 8y ul pasn s1aselep JO MAIAISAQ

‘v algeL

Author Manuscript Author Manuscript Author Manuscript Author Manuscript

Health Data Sci. Author manuscript; available in PMC 2022 July 06.



Page 26

Wang et al.

youai4 pue ‘uewsss ‘ysijBu3 ur 1odai [ea1paw payeIdosse Uy Yim sabewi [ealpaw 00005

aseqerep abew [eoipaw yo10  (IWAS) dulyoew Jojoea woddns 900z [08 ‘6.1

ojul esereq eseled PoulL N EESIN jod
"S9]911Ie [eAdLI1a.] abewl ay) ul pash s1aserep JO MIIAIBAQ
‘G 9leL
Author Manuscript Author Manuscript Author Manuscript Author Manuscript

Health Data Sci. Author manuscript; available in PMC 2022 July 06.



	Abstract
	Introduction
	Methods
	Knowledge Graphs in General.
	Knowledge Graphs for Medical Imaging Analysis.
	Data Sources and Search Strategies.
	Article Selection.
	Data Synthesis and Analysis.

	Results
	Identification of Included Studies.
	Statistical Characteristics of the Included Articles.
	Disease Classification.
	Disease Localization and Segmentation.
	Report Generation.
	Image Retrieval.

	Discussion
	Disease Classification.
	Disease Localization and Segmentation.
	Report Generation.
	Image Retrieval.

	Conclusions
	References
	Figure 1:
	Figure 2:
	Figure 3:
	Figure 4:
	Figure 5:
	Table 1:
	Table 2:
	Table 3:
	Table 4:
	Table 5:

